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ABSTRACT This study focuses on fetal electrocardiogram (fECG) processing using hybrid methods that
combine two or more individual methods. Combinations of independent component analysis (ICA), wavelet
transform (WT), recursive least squares (RLS), and empirical mode decomposition (EMD) were used to
create the individual hybrid methods. Following four hybrid methods were compared and evaluated in
this study: ICA-EMD, ICA-EMD-WT, EMD-WT, and ICA-RLS-EMD. The methods were tested on two
databases, the ADFECGDB database and the PhysioNet Challenge 2013 database. Extraction evaluation is
based on fetal heart rate (fHR) determination. Statistical evaluation is based on determination of correct
detection (ACC), sensitivity (Se), positive predictive value (PPV), and harmonic mean between Se and
PPV (F1). In this study, the best results were achieved by means of the ICA-RLS-EMD hybrid method,
which achieved accuracy (ACC)> 80% at 9 out of 12 recordings when tested on the ADFECGDB database,
reaching an average value of ACC > 84%, Se > 87%, PPV > 92%, and F1 > 90%. When tested on the
Physionet Challenge 2013 database, ACC > 80% was achieved at 12 out of 25 recordings with an average
value of ACC > 64%, Se > 69%, PPV > 79%, and F1 > 72%.
INDEX TERMS Non-invasive fetal electrocardiography, fetal heart rate, hybrid methods, empirical mode
decomposition (EMD), independent component analysis (ICA), wavelet transform (WT), recursive least
squares (RLS).
I. INTRODUCTION
Fetal monitoring has its origins in the intermittent fetal heart
sounds (fHS) auscultation, which was first documented by
Kergaradec in 1822. The progress in science and technology
has enabled fHS sensing in a more efficient way, allowing
a better understanding of the physiology of fetal cardiac
activity during uterine contractions, as well as clarifying the
manifestation of fetal hypoxia (oxygen deficiency) and its
influence on the fHR [1]. On the basis of these findings,
the first fetal monitors based on fHS sensing using phonocar-
diography were introduced in the second half of the 20th cen-
tury [2]. The first commercially available device (Hewlett-
Packard 8020A) entered obstetric theatres in 1968, which
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can be considered the official beginning of electronic fetal
monitoring.
Intrapartal fetal monitoring is now an integral part of
modern obstetrics used to prevent fetal hypoxia. Cardiotocog-
raphy (CTG), which is based on the measurement of fetal car-
diac activity based on Doppler ultrasonography, is the most
prevalent technique used in clinical practice. Unfortunately,
this method is sensitive to fetal and maternal movement,
sensor placement, or maternal body mass index (BMI) value.
The actual evaluation of CTG recordings is then burdened
with a large inter- and extra-observer disagreement, which
is demonstrably one of the reasons for the high number
of unnecessarily performed caesarean sections. Numerous
studies have been trying to draw attention to these nega-
tives for many years [3]–[6]. The efforts of the scientific
community are focused on improving alternative methods
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for fetal monitoring, such as fetal electrocardiography, fetal
phonocardiography or fetal magnetocardiography.
Fetal electrocardiography (fECG) is one of the most
promising fetal monitoring techniques during pregnancy and
labor. This method is based onmeasuring electrical potentials
produced by fetal heart. This electrical energy can be sensed
directly from the fetal body surface (invasively) using the
so-called fetal scalp electrode, or from the surface of the
mother’s abdominal wall using transabdominal electrodes
(non-invasively). Invasive fECG sensing offers a signal with
a higher signal to noise ratio (SNR) and the ability to simul-
taneously sense uterine contractions using an intrauterine
catheter. However, its use is limited by the necessity of the
rupture of the membranes and the outflow of the amniotic
fluid, which occurs only during labor. In addition, this method
of monitoring is associated with a higher risk of developing
infection and reduced patient comfort and mobility. In con-
trast, non-invasive fECG (NI-fECG) monitoring can be used
throughout pregnancy and offers the possibility of safe and
comfortable monitoring. The disadvantage of NI-fECGmon-
itoring is the fact that the magnitude of the useful signal is
relatively low compared to the unwanted signals contained in
the abdominal recording. Thus, the greatest challenge is to
suppress these interfering components, especially the mater-
nal ECG (mECG), which overlaps with the fetal component
in both time and frequency domains.
A number of extraction methods were introduced in the
past. For example, blind source separation methods, such as
the independent component analysis (ICA) [7] or the princi-
pal component analysis [8], are worth mentioning. Another
very common approach to suppressing the maternal compo-
nent comprises adaptive methods [9] which take advantage
of the fact that the source of interference (mECG) is known
and measurable. Recent studies have shown that the use of
the individual methods is not as promising as the so-called
hybrid systems that combine two or more of these meth-
ods [10]–[15]. Most of the techniques do not outperform the
hybrid algorithms or are only effective for limited number
of recordings. It is desirable to implement an algorithm that
would overcome these shortcomings and be efficient for
a wide range of input signals. This article presents differ-
ent variations of hybrid methods combining empirical mode
decomposition (EMD) with, for example, ICA, the adaptive
recursive least square (RLS) algorithm, or wavelet transform
(WT). The objective of this study is to create a hybrid extrac-
tion system composed of selectedmethods that best combines
the advantages of individual algorithms while eliminating
their disadvantages and limitations. Such an extraction sys-
tem has the potential to achieve greater accuracy in fECG
extraction, thereby improving fHR monitoring.
II. MATERIAL AND METHODS
The methods to be combined and implemented have been
selected based on the literature review and the study of
the issue [16]. The first method is the independent compo-
nent analysis (ICA), which is able to separate mixed signals
and achieves relatively good results [17]. Furthermore, it is
wavelet transform (WT), which decomposes the signal by
appropriately changing the width of the mother wavelet over
time, and, by means of the wavelet shape, an optimum ratio
of resolution in time and frequency will be achieved [18]. The
RLS method is based on the calculation and minimization of
the error function [19] and the EMD, which can decompose
time series into intrinsic mode functions [20]. These individ-
ual methods, the databases on which the hybrid methods were
tested and the evaluation parameters used in this paper will be
described in more detail in the following chapters.
A. EMPIRICAL MODE DECOMPOSITION
Empirical mode decomposition is suitable for non-linear and
non-stationary signals and is, therefore, also suitable for
removing artifacts from the fECG signal. The aim of the
method is to decompose the signal into oscillatory func-
tions. High-frequency components are called intrinsic mode
functions (IMFs) and low-frequency components are called
residues [20]. The algorithm sorts functions by frequency,
from highest to lowest. Two conditions must be met for the
method to function properly. The number of local extremes
must be the same as the number of zero crossings or must
differ at most by one. The second condition is that at any point
the mean value of the envelopes defined by the local maxima
and the local minima must be zero [21]. The process of signal
decomposition into IMFs is called sifting process and can be
described by the following steps [22], [23].
First, it is necessary to identify all local maxima and
minima of the input signal s(t). The next step is to create
appropriate envelopes, the upper envelope emax(t) as a cubic
spline, by linking all the maxima. Similarly, it is necessary
to generate the lower envelope emin(t) as a spline curve by
linking all local minima [21]. The mean of envelopes is then
determined according to equation (1):
m01(t) = (emin(t)+ emax(t))2 . (1)
This mean value is subtracted from the input signal s(t).
The first proto-IMF p01(t) [22], [23] is obtained according to
equation (2):
p01(t) = s(t)− m01(t). (2)
Unfortunately, it does not often occur that the p01(t) com-
ponent qualifies for IMF and it is, therefore, marked as
proto-IMF at this moment. The above-stated procedure must,
therefore, be repeated [22], [23]; it is generally represented
by equation (3):
pik(t) = pi(k−1)(t)− mik(t), (3)
where k indicates the iteration index and i the index of the
extracted IMF. The procedure can theoretically be repeated
until the signal size pik(t) is constant [23]. For this reason,
it is necessary to define the stopping criterion. The process
stopping criterion is defined as an estimate of the standard
deviation σ [23].
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FIGURE 1. Description of the EMD principle; the formulation is a more suitable form of the
algorithm than the analytical formulation. The method first locates the signal maxima and
minima, determines the mean value of the envelopes, and extracts the IMF as many times as
possible, until the stopping criterion is reached. This way, all IMFs are extracted; the last
function is called residue. The algorithm finally sorts the individual IMFs, from the highest
frequency to the lowest.
The first IMF a1(t) is obtained when σ is less than the
threshold value [22]. To get more modal functions, it is
necessary to repeat the whole procedure, but the residue ri(t)
is used instead of the input signal s(t). This is conducted
by subtracting the first IMF a1(t) from the input signal s(t)
[22], [23]. The subtraction is defined by equation (4), where
i denotes the index of the extracted IMF.
ri(t) = s(t)− ai(t). (4)
The entire decomposition process ends when the IMF can-
not be extracted from the residue ri(t). This is a state where
the residue is a constant, a monotonic function, or a func-
tion with only one extreme [21]. The original signal can be
reconstructed by summing all the components extracted [20],
according to equation (5):
s(t) =
n∑
i=1
ai(t)+ rn(t), (5)
where ai(t) is the i-th IMF and rn(t) is the last residue, usu-
ally considered the last IMF [22], [23]. The EMD algorithm
process is illustrated by the diagram shown in Fig. 1.
B. INDEPENDENT COMPONENT ANALYSIS
Independent component analysis is based on high order
statistics and uses the assumption that the source signal
consists of several unknown independent signals originat-
ing from different sources. The method can decompose the
input signals into mutually independent non-Gaussian com-
ponents. The components are sorted randomly and may be
amplitude-altered [24]. There are multiple ICA-based algo-
rithms and among them FastICA algorithm is the most
commonly used. This algorithm is more efficient than the
original ICA algorithm [25]. As with most ICA algorithms,
FastICA aims to orthogonally rotate the predetermined data
through a fixed point iteration scheme that maximizes the
degree of component non-Gaussianity [17], [26]. Mathe-
matically, the ICA method can be described according to
equation (6).
x = As, (6)
where x = [x1, x2, . . . , xn]T is the multivariate signal
observed, n is the number of signals observed, the unknown
source signal is denoted as s = [s1, s2, . . . , sm]T, m is
the number of source signals, and is a mixing matrix,
whose lines contain transposed vectors xT [24]. There are
two main approaches to ICA method preprocessing, cen-
tering and whitening. The goal of the ICA algorithm is to
obtain an estimate of the independent components y [17]
using a linear, inverse, unmixing matrix W, as described in
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equation (7).
y =Wx. (7)
C. WAVELET TRANSFORM
Wavelet transform is similar to the Fourier transform (FT).
However, the FT method has many limitations when process-
ing non-stationary signals. Therefore, it is suitable to use the
WT method for the analysis of these non-stationary or mul-
ticomponent signals in the time-frequency domain [27]. The
aim of the method is to decompose the signal by a suitable
choice of the wavelet type in order to achieve an optimal
ratio of resolution in time and frequency. Discrete wavelet
transform (DWT) is defined by equation (8), where DWT
uses dyadic grid, j is a scale parameter, k is a grid parameter
and 9(t) is a mother wavelet [27], [28]. The inverse DWT is
defined by equation (9).
c(j, k) =
∑
t
f (t)9j,k(t) = 2
j
29(2jt − k). (8)
f (t) =
∑
k
∑
j
c(j, k)9j,k(t). (9)
The selection of the wavelet type depends primarily on
the signal to be processed. This selection is very important
for achieving good results [18], [28], [29]. In this study,
Daubechies, Symlet, and Coiflet wavelets were tested for
fECG processing [29].
D. RECURSIVE LEAST SQUARES
Some adaptivemethods, such as the leastmean squares (LMS)
algorithm, use a statistical approach to optimize the error
function and require a higher number of measurements to
calculate the statistics [9]. In contrast, RLS uses a determin-
istic approach to optimize the error function and calculates
the characteristics using a large number of samples [9], [19],
[30]–[32].
The RLS algorithm is based on recursive determination
of weighting coefficients, KF theory, time averaging and
also on the LMS algorithm. This algorithm is of very high
performance because it uses the values of previous error esti-
mates. Nevertheless, due to a large amount of data, the RLS
algorithm in its basic form has higher computational demands
and, in some cases, stability problems [9]. To reduce the
computational demands, the RLS algorithm uses forgetting
factor λ, whose task is to forget the previous values. The
forgetting factor value ranges from 0 to 1 [19]. If λ = 1,
no previous values are forgotten. Most often, the forgetting
factor ranges from 0.98 to 1 [31]. The use of a variable
forgetting factor is a frequent solution in the RLS algorithm.
To reduce the computational complexity, the filter order N ,
which indicates the final number of the previous values pro-
cessed, is selected. It is very important to set the forgetting
factor and filter order well in order tomake the RLS algorithm
efficient and stable [30], [32]. The detailed description and
implementation of the RLS algorithm can be found in [9],
[19], [30]–[32].
E. METHODS SETTING
This chapter describes the settings of the individual methods.
First of all, it was necessary to select appropriate combi-
nations of the input signals. For the multichannel methods,
it was necessary to select at least two abdominal signals,
while the single-channel methods required one suitable input.
We tested all possible combinations of input signals for each
record and selected the most suitable one based on the ACC
value. Moreover, individual methods include different steps
and settings that need to be carried out and optimized and
will be described in detail below.
1) EMD - the principle of the EMD method is based on
decomposition of the signal into 19 oscillatory func-
tions (IMFs). Subsequently, the most suitable IMFs are
selected using an automated algorithm and summed to
create an enhanced fECG. The algorithm compared the
performance of fECG extraction using various combi-
nations of IMFs. Performance comparison was carried
out using the reference annotations and evaluated based
on the ACC parameter. Figure 2 shows the block dia-
gram of the EMD extraction system.
2) ICA - the ICA method is based on decomposing the
input aECG signal into three components. In most
cases, one component corresponds to the mECG signal
(denoted as mECG*), the second to the aECG signal
(denoted as aECG*) with the enhanced fECG compo-
nent, and the third corresponds to the noise. The order
of the individual components differs each time the ICA
is applied. The components also alter in amplitude and
are time shifted. Therefore, we used an automatic algo-
rithm to shift and center the components and to assign
components to the source signals. The assignment of
the components to the source signals is based on the
number of peaks detected. Finally, mECG* and aECG*
components are time and amplitude aligned and stan-
dardized. The process of this algorithm is illustrated by
Fig. 3 [15].
3) WT - for the WT method, it is important to select
the wavelet type and the number of decomposition
levels appropriately. The selection of the wavelet
type depends primarily on the signal to be processed
and it is an important factor affecting the quality of
the fECG extraction [18], [28], [29]. In this study,
we tested different settings of the WT-based systems,
namely the decomposition levels 4 and 5 and differ-
ent wavelets, such as Daubechies, Symlet, and Coiflet.
These wavelet types have a shape similar to the QRS
complex and their energy spectrum covers the range
of low frequencies [29]. Before performing inverse
DWT, we adjusted output signal by adaptive and soft
thresholding.
4) RLS - when using the RLS algorithm, the filter order
and the forgetting factor must be set. The grid search
was used to optimize the RLS algorithm, where the
filter order varied from 2 to 100 with step of 2. This
way, 50 outputs of the RLS algorithm were generated
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FIGURE 2. Block diagram of automatic algorithm for selecting the most suitable combination of IMFs.
This algorithm compared the performance of extraction of fECG by various combinations of IMFs.
Performance comparison was done according to reference annotations containing markers that
accurately indicate the location of R-peaks. The evaluation parameter was ACC. The algorithm was used
for hybrid methods ICA-EMD, ICA-EMD-WT and ICA-RLS-EMD.
FIGURE 3. Scheme of automatic algorithm assignment of the components to the source signals, adjusting the position and polarity of ICA components.
for one electrode combination. The optimal setting of
the RLS algorithm was found for each record as the
global maximum of the ACC parameter [15].
F. EVALUATION PARAMETERS
The performance of individual hybrid methods in this study
was evaluated by fHR statistical parameters and the accuracy
of R-peak detection. First, it was necessary to determine n -
the total number of fQRS complexes in the recording. This
value is based on the annotation provided by experts. The
FN parameter denotes false negative detection, i.e. method
does not detect the fQRS complex that actually occurs in the
signal. The FP parameter denotes the false positive detection,
the method detects the fQRS complex that does not actually
occur in the signal. Furthermore, it is possible to determine
the TP parameter - True Positive, correctly detected by the
fQRS complex method. The TP values correspond to the
fQRS complexes detected within 50 ms interval from refer-
ence R-peak position determined by the annotation [33]. It is
also possible to determine ACC - accuracy or the probability
of correct detection, defined by equation (10), Se - the sensi-
tivity of the method, defined by equation (11), PPV - positive
predictive value, defined by equation (12), and F1 - total
accuracy, calculated as the harmonic mean between Se and
PPV, defined by equation (13) [17], [33]:
ACC = TP
n
· 100 = TP
TP+ FP+ FN · 100 (%). (10)
Se = TP
TP+ FN · 100 (%). (11)
PPV = TP
TP+ FP · 100 (%). (12)
F1 = 2 · Se · PPV
Se+ PPV =
2 · TP
2 · TP+ FP+ FN · 100 (%).
(13)
The method is considered as accurate if the values of
ACC, Se, PPV, and F1 exceed 95% [17], [34]. Depic-
tion of fHR traces can be used to graphically assess accu-
racy of fECG extraction. First, it is necessary to detect
the R-peaks using a detector that utilize a complex WT
and to determine the RR intervals. Subsequently, a mov-
ing average is found for the values obtained by the
method [17]. The more the estimated fHR trace copies the
trend of the reference fHR trace, obtained using the anno-
tations, the more successful the method was during the
extraction.
Bland-Altman plots were also used to graphically compare
the accuracy of the fHR detection. These plots are very often
used to evaluate two methods of medical measurement [35].
The assumption is that the results of both measurements are
independent. First, the differences of the two measurements
are determined and the mean value of these differences is
specified, then the limits of agreement (LoA) are set as the
mean value of µ ± 1.96σ (where σ is the standard devia-
tion). This is an estimate of the interval in which 95% of
the difference values can be expected [35]. If the values
of the differences determined lie within this limit, this is
an acceptable result, otherwise the value is indicated as an
error [17].
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FIGURE 4. An example of the aECG signals filtered, the reference fECG
signal, and the electrode layout for r01 recording. The abdominal signals
are extracted using V1, V2, V3 and V4 electrodes, the reference electrode
is designated V0 and N is the active grounding.
G. DATASET
For testing of hybrid methods, real recordings were obtained
from twelve different women between 38 and 41 weeks of
pregnancy. The recordings were extracted using four abdom-
inal electrodes; all recordings include a reference recording
from the scalp electrode. The signals were recorded using
the KOMPOREL fetal electrocardiogram acquisition and
analysis system (ITAM Institute, Zabrze, Poland). Five out
of the twelve recordings are available in the ADFECGDB
database [17], [36].
The four sensing electrodes were placed in the abdomi-
nal region, the scalp electrode was placed over the symph-
ysis pubica region, and the common ground electrode was
placed on the left thigh. The sampling rate was 1000 Hz for
five recordings, 500 Hz for seven recordings, the bandwidth
ranged from 1 to 150 Hz, and the resolution was 16 bits.
Ag-AgCl electrodes were used for surface abdominal sensing
and a spiral electrode for invasive scalp sensing [17]. In addi-
tion to useful signals, interference signals are also included.
Most often, the source of disturbing signals is the uterine
muscle activity, thematernal movements or the loss of contact
of the scalp electrode with the fetal head, causing a temporary
loss of signal. Therefore, only shorter, five-minute sections
without signal loss were selected. An example of the aECG
signals, the reference fECG signal, and the electrode layout
is shown in Fig. 4 [17].
The database also includes annotations containing mark-
ers that accurately indicate the location of R-peaks. These
R-peaks were determined for r01, r04, r07, r08, and
r10 recordings by an on-line analysis using the KOMPOREL
system and, subsequently, the placement of the markers was
verified by a group of cardiologists [17].
Further testing was performed on data from set A of the
Physionet Challenge 2013 database. The database contains
25 recordings, wherein each recording contains 4 aECG sig-
nals and annotations identifying the positions of R-peaks.
The recording length is 1 minute, the sampling frequency is
1000 Hz and the resolution is 12 bits [37].
III. HYBRID SYSTEM DESIGN
This chapter describes the individual hybrid methods that
were implemented and tested. Moreover, specific parameters
that were used for a particular method are described herein.
There are two different approaches used in the fECG extrac-
tion, adaptive and non-adaptive. These two approaches differ
in the way of suppressing the maternal component, where
the adaptive hybrid systems (ICA-RLS and ICA-RLS-EMD)
use the RLS algorithm to adapt to the reference input corre-
sponding to the maternal signal in order to subtract it from
the aECG. Contrary, the non-adaptive systems do not contain
any adaptation mechanism to extract fECG signal.
A. NON-ADAPTIVE HYBRID METHODS
Figure 5 shows a block diagram illustrating the ICA-EMD,
ICA-EMD-WT, and EMD-WT hybrid systems. Figure 6
shows an example of filtration outputs using ICA-EMD,
ICA-EMD-WT and EMD-WT systems. Each block can be
described as follows:
• Preprocessing - first, aECG signals were filtered by a
bandpass filter in the range from 3 to 150 Hz (FIR filter)
in order to eliminate the baseline wander or motion
artifacts.
• EMD-WT - method is a single-channel method; thus,
it requires only one input signal. The EMD method
decomposes aECG signal into 19 IMFs. The selection
of suitable IMFs is inspired by the study of Azbari
et al. [22], where they correlated these signals with the
reference fECG signal. According to this evaluation,
first 4 IMFs are the most suitable for further process-
ing. Subsequently, a WT method is used to improve
the extraction results. In terms of the system settings,
the sym10 wavelet and 4 levels of decomposition were
selected as most efficient for fECG extraction.
• ICA-EMD - contrary to EMD-WT system, this hybrid
extraction system includes the ICA algorithm and thus
requires multiple inputs to function. The fECG extrac-
tion process using this system is composed of two steps:
– ICA method is applied to the preprocessed sig-
nals, these input aECG signals are thus decom-
posed into three components. For further process-
ing, the component corresponding to aECG signal
with the enhanced fECG component (marked as
aECG*) is selected.
– EMD method is then applied to aECG* signal in
order to remove the residual mECG and to enhance
the fECG. The EMD method decomposes the sig-
nal into 19 IMFs. Subsequently, the most suitable
IMFs are selected using the automatic algorithm
described above and summed to create an enhanced
fECG signal. According to the results, the most
suitable combination for ICA-EMDwere IMF2 and
IMF4. The sum of these IMFs produces the result-
ing fECG.
• ICA-EMD-WT - the structure of this algorithm is
similar to the previous hybrid method, however,
on some IMFs, the WT method is applied to improve
extraction results. Again, the most suitable functions are
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FIGURE 5. Block diagram illustrating the function of hybrid methods ICA-EMD, ICA-EMD-WT and EMD-WT with examples of
the signals in individual phases: a) example of the input signal, b) example of the preproccesed input signals, c) examples of
the ICA components, d) examples of the first 6 IMFs.
FIGURE 6. An example of fECH signals extracted using the hybrid
methods ICA-EMD, ICA-EMD-WT and EMD-WT for r01 recording.
selected by automatic algorithm. The best results were
achieved using following combinations: IMF1-IMF3
filtered by WT using sym18 wavelet and 4 levels
of decomposition. The original IMF4 and IMF5 (i.e. (not
filtered by WT method) are then added to the filtered
signals.
B. ADAPTIVE HYBRID METHODS
Finally, ICA-RLS-EMD system uses the ICA method to esti-
mate the mECG reference signal (denoted as mECG*) and a
signal denoted as aECG*. The aECG* contains the maternal
component and enhanced fetal component. These signals are
then used as the inputs of the adaptive block based on RLS,
which is able to extract the fECG. Eventually, the EMD
method is then applied to this signal in order to remove the
residual noise using suitable IMFs selected using an auto-
mated algorithm. The ICA-RLS-EMD system is composed
of following stages:
• Abdominal signals are extracted and filtered by a band-
pass filter in the range from 3 to 150 Hz (FIR filter) in
order to eliminate the variations in isolines;
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FIGURE 7. A diagram showing the principle of a combination of the ICA and EMD methods.
FIGURE 8. An example of the aECG* and mECG* estimates using the ICA
method, an example of fECG signal extraction using the ICA-RLS and
ICA-RLS-EMD algorithm for r01 recording.
• ICA method estimates the mECG* signal, the aECG*
signal and the noise signal;
• mECG* signal and the aECG* signal are centered and
fed to the RLS algorithm in order to extract the fECG
signal.
• EMD method decomposes the signal into 19 IMFs.
• The IMF2 and IMF3 are selected and summed to con-
tribute to the reconstruction of the improved fECG*
signal.
The schematic principle of the ICA-EMD method, includ-
ing the location of the sensing electrodes, is shown in Fig. 7
and Fig. 8 shows the estimated mECG and aECG* signals by
ICA method, which serve as inputs to the adaptive algorithm
along with the examples of output fECG signals extracted
using the ICA-RLS and ICA-RLS-EMD algorithm.
IV. RESULTS
This chapter presents results of the experiments on real data
obtained by the individual hybrid methods. The accuracy of
R-peaks detection was evaluated using statistical parameters
and graphical assessment (using Bland-Altman plots and fHR
traces). The last part of this chapter compares the achieved
results with other studies.
A. STATISTICAL EVALUATION
First, the EMD-WT method was evaluated. The advantage of
this method is the use of only one sensing electrode, which
brings more comfort to the patient than the multi-channel
sensing. The TP, FP, and FN values were first determined
for statistical evaluation and, based on them, the ACC, Se,
PPV, and F1 parameters were calculated. The most important
parameter for evaluating the extraction accuracy is the ACC
parameter as the other parameters cannot be lower than ACC.
The threshold for accepting the method as effective according
to this parameter is usually 95%; if the method reaches 80%,
these results are considered satisfactory. The results obtained
using the EMD-WT method are shown in Tab. 1.
According to Tab. 1, as for the EMD-WTmethod, it is pos-
sible to determine that accuracy of over 95% for r01 recording
and accuracy of over 80% for r08 recording was achieved
by the ACC parameter. According to the Se parameter, accu-
racy of over 95% was achieved for r01 and r08 recordings.
According to the PPV parameter, accuracy of over 95%
was achieved for r01 and r08 recordings and accuracy of
over 80% was received for r02 recording. According to the
F1 parameter, accuracy of over 95%was achieved for r01 and
r08 recordings. For other recordings, relatively low precision
values were achieved and the method was not very effective
for these recordings. The lowest number of FP and FN values
was achieved in r01 recording. For r02 recording, the method
detected a large number of FN values, causing low values of
ACC, Se, and F1.
The results show that the method works correctly only
with some aECG signals, usually those where the magni-
tude of fetal component was comparable with the maternal
one (i.e. with high SNR). Thus, it was necessary to find
a method that would work well for the rest of the aECG
signals with lower SNR. Therefore, the ICA-EMD method,
which aims to remove the residual mECG and to improve the
fECG extraction by appropriately selecting IMFs, the sum of
which will contribute to the generation of an improved fECG,
was further tested. The method can be further improved by
applying wavelet transform. This so-called ICA-EMD-WT
method. The results achieved by the ICA-EMD and
ICA-EMD-WT methods are in Tab. 2. The results of both
methods were recorded in one table for clarity reasons.
According to Tab. 2, as for the ICA-EMD method, it is
possible to determine that accuracy of over 95% for r01,
r02, r05 and r08 recordings and accuracy of over 80% for
r09 recordingwas achieved by theACCparameter. According
to the Se parameter, accuracy of over 95% was achieved
for r01, r02, r05, and r08 recordings and accuracy of over
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TABLE 1. Statistical evaluation of the detection of fQRS complexes obtained by the EMD-WT method that was tested on signals from the ADFECGDB
database.
TABLE 2. Statistical evaluation of the detection of fQRS complexes obtained by the ICA-EMD and ICA-EMD-WT methods that was tested on signals from
the ADFECGDB database.
80% was received for r09 recording. According to the PPV
parameter, accuracy of over 95% was achieved for r01, r02,
r05, r08 and r09 recordings. According to the F1 parameter,
accuracy of over 95% was achieved for r01, r02, r05, and
r08 recordings and accuracy of over 80% was received for
r09 recording.
As for the ICA-EMD-WT method, it is possible to deter-
mine that accuracy of over 95% for r01 and r08 recordings
and accuracy of over 80% for r02, r05 and r09 recordings
was achieved by the ACC parameter. According to the Se
parameter, accuracy of over 95% was achieved for r01 and
r08 recordings and accuracy of over 80% was received for
r02, r05 and r09 recordings. According to the PPV param-
eter, accuracy of over 95% was achieved for r01, r02 and
r08 recordings and accuracy of over 80% was received for
r05 and r09 recordings. According to the F1 parameter, accu-
racy of over 95% was achieved for r01, r02 and r08 record-
ings and accuracy of over 80% was received for r05 and
r09 recordings. For other recordings, relatively low precision
values were achieved and the method was not very effective
for these recordings.
The last method tested was the ICA-RLS-EMD, which
aims to remove the residual mECG and to improve the fECG
by proper setting of the filter order and by appropriately
selecting IMFs, the sum of which will contribute to the
generation of an improved fECG. As this method achieved
the best results on real data from the ADFECGDB database,
it was also tested on data from the Challenge 2013 database.
The results achieved by the ICA-RLS-EMD method are
recorded in Tab. 3 and Tab. 4. Furthermore, fHR traces and
Bland-Altman plots were illustrated for the results obtained
by the ICA-RLS-EMD method.
According to Tab. 3, as for the ICA-RLS-EMD method,
it is possible to determine that accuracy of over 95% for r01,
r02, r03, r05, r08 and r09 recordings and accuracy of over
80% for r06, r10 and r12 recordings was achieved by the
ACC parameter. According to the Se parameter, accuracy of
over 95% was achieved for r01, r02, r03, r05, r08, r09 and
r10 recordings and accuracy of over 80% was received for
r06 and r12 recordings. According to the PPV parameter,
accuracy of over 95% was achieved for r01, r02, r03, r05,
r06, r08, r09 and r12 recordings and accuracy of over 80%
was received for r07 and r10 recordings. According to the
F1 parameter, accuracy of over 95% was achieved for r01,
r02, r03, r05, r08, r09 and r10 recordings and accuracy of
over 80% was received for r06 and r12 recordings. For other
recordings, relatively low precision values were achieved and
the method was not very effective for these recordings. The
lowest number of FP and FN values was achieved in r05 and
r08 recordings. For r05 and r09 recordings, themethod did not
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TABLE 3. Statistical evaluation of the detection of fQRS complexes obtained by the ICA-RLS-EMD method that was tested on signals from the ADFECGDB
database.
TABLE 4. Statistical evaluation of the detection of fQRS complexes obtained by the ICA-RLS-EMD method that was tested on signals from the Physionet
Challenge 2013 database.
detect any FP value, so 100% accuracy was achieved with the
PPV parameter.
To illustrate the differences in the extraction outcomes,
we decided to plot the examples of individual input signals.
Figure 9 shows the examples of the abdominal signals from
the tested database along with the signals estimated using
ICA algorithm that were used as the reference and primary
inputs (mECG* and aECG, respectively) to the adaptive algo-
rithms.
We selected 3 recordings for the ilustration - record-
ings r01, r04, and r07, where recording r01 is the example
of recording with excellent results (F1>95%) in the fECG
extraction whereas recordings r04 and r07 are the recordings
with the poor results in the fECG extraction (F1<80%). The
notable differences between these examples are the quality of
the aECG signals and the ratio between the maternal and fetal
component in those signals. The performance of the adaptive
algorithm strongly correlates with the quality of its inputs,
especially with the reference signal (mECG*). Some of the
mECG* ICA estimates were of a poor quality (i.e. included
noise or the fECG residua) which led to decreased accuracy
of the fECG extraction.
Additionally, the morphology of the mECG* reference sig-
nal should correspond to the shape of thematernal component
in aECG*. However, in the case of recordings r04 and r07,
the maternal components in both aECG* signals are bipolar
whereas the reference mECG* signal has positive polarity.
This is caused by the difference in the corresponding abdom-
inal inputs. The electrode deployment and data acquisition
quality are of a great importance to achieve accurate fECG
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FIGURE 9. Examples of the abdominal ECG signals and estimated maternal (mECG*) and abdominal signals
(aECG*) used for the experiments. Top row from left to right: Example of the input abdominal and direct ECG
recordings r01, r04, and r07; Bottom row from left to right: examples of estimated mECG* and aECG* for
recordings r01, r04, and r07.
TABLE 5. Mean values µ and values of ±1.96σ determined for all hybrid methods.
extraction. Therefore, further research should be focused on
the effects of the electrode placement and system configura-
tion and their effects on the signal quality along with other
factors such as fetal position or gestation age.
According to Tab. 4, as for the ICA-RLS-EMD method,
it is possible to determine that accuracy of over 95% for
a04, a05, a08, a15, a17, and a22 recordings and accuracy of
over 80% for a01, a03, a12, a14, a24 and a25 recordings was
achieved by the ACC parameter. According to the Se param-
eter, accuracy of over 95% was achieved for a04, a05, a08,
a15, a17, and a22 recordings and accuracy of over 80% was
received for a01, a03, a12, a14, a19, a24 and a25 recordings.
According to the Se parameter, accuracy of over 95% was
achieved for a01, a03, a04, a05, a08, a12, a15, a17, a22 and
a25 recordings and accuracy of over 80% was received for
a10, a13, a14, a19, a20, a21 and a24 recordings. According
to the F1 parameter, accuracy of over 95% was achieved for
a04, a05, a08, a12, a15, a17, and a22 recordings and accuracy
of over 80%was received for a01, a03, a13, a14, a19, a24 and
a25 recordings. For other recordings, relatively low precision
values were achieved and the method was not very effective
for these recordings. The lowest number of FP and FN values
was achieved in a05, a08, a17 and a22 recordings. For these
recordings, the method did not detect any FP or FN values,
so 100% accuracy was achieved with all the parameters
(ACC, Se, PPV and F1).
Similarly as in the case of the previous recordings,
we selected examples of recordings with various lev-
els of extraction efficacy for the explanation. Figure 10
shows examples of in total 8 recordings, for 4 of them
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FIGURE 10. Examples of the abdominal ECG signals used for the experiments. Top row from left to right: Example of the 3 selected input aECG
signals from recordings a02, a09, a16, and a18; Bottom row from left to right: Example of the 3 selected input aECG signals from recordings a05,
a08, a17, and a22.
FIGURE 11. Representation of the ability to detect fQRS complexes based on the Bland-Altman plot using
the ICA-RLS-EMD method, a) for r01 recording and b) for r02 recording.
(r02, a09, a16, and a18) the results were poor (F1<50%)
while other recordings (a05, a08, a17, and a22), the results
were excellent (F1=100%). Again, the difference between
the quality of the input signals was remarkable, especially
in terms of the ratio between maternal and fetal component
magnitude. It must be noted that the fetal component in the
recordings r02, a09, a16, and a18 is hardly notable by the
naked eye and thus the fECG extraction is extremely difficult.
Also, there is significant amount of noise present which
also significantly influences the performance of the adaptive
algorithm.
B. BLAND-ALTMAN PLOTS
Bland-Altman plots are also used to graphically assess
the accuracy of the fHR detection. This study compares
fHR measurement results determined by the method and
determined using the annotation. Figure 11, Fig. 12, and
Fig. 13 showBland-Altman plots for the properly functioning
ICA-RLS-EMD method.
First, the differences of the two measurements are deter-
mined and the mean value of these differences is specified,
then the limits of agreement (LoA) are set as the mean value
of µ± 1.96σ (where σ is the standard deviation). This is an
VOLUME 8, 2020 51211
K. Barnova et al.: Hybrid Methods Based on EMD for Non-Invasive Fetal Heart Rate Monitoring
FIGURE 12. Representation of the ability to detect fQRS complexes based on the Bland-Altman plot using
the ICA-RLS-EMD method, a) for r03 recording and b) for r05 recording.
estimate of the interval at which 95% of the difference values
can be expected [35]. The result is considered acceptable if
the values of the determined differences lie within this limit,
otherwise the value is indicated as an error [17]. The values
µ and ±1.96σ for all methods are recorded in Tab. 5.
In graphical form, the vertical axis denotes the val-
ues of the difference vector, which are determined as
method−reference, and the horizontal axis denotes the values
of the difference average vector, which are determined as
method + reference
2
, where reference denotes the fHR values
of the annotation and method denotes the fHR values of
the method tested. The depiction itself includes three axes,
the upper one determines the limit of agreement the mean
value is+1.96σ , the middle value determines the mean value
of the differences, and the lower one determines the limit of
agreement of the mean value of −1.96σ [17].
The data can be interpreted as follows: the closer to zero
the µ value and ±1.96σ are, the smaller the difference
between the extracted and reference fHR values is. As for
the ICA-EMD method, low values of µ and ±1.96σ were
obtained for r01, r02, r05, and r08 recordings. As for the
ICA-EMD-WT method, low µ values were obtained for r01,
r02, r05, r08, and r09 recordings, and it can be stated that
the methods are effective for these recordings. As for the
EMD-WT method, low µ values were obtained for r01, r08,
r09, and r10 recordings, and it can be stated that the methods
are effective for these recordings, but high ±1.96σ values
were achieved for r09 and r10 recordings, so this statement
is invalid for these recordings. As for the ICA-RLS-EMD
method, low µ values were obtained for r01, r02, r03, r05,
r06, r08, r09, and r10 recordings, thus, the method is effective
for all of these recordings.
C. FETAL HEART RATE TRACES
Depiction of fHR traces is achieved by determining the
current fHR value between the individual R-peaks in the
entire recording. First, it is necessary to detect the R-peaks
and to determine the RR intervals. From these intervals, it is
then necessary to determine the current heart rates between
the individual R-peaks. The position of the R-peaks is spec-
ified using a precise detector that utilizes a complex WT to
find all local minima and maxima. Subsequently, a moving
average is found for the values obtained by the method. The
moving average is a time series created using the average of
several sequence values of another time series. Based on the
moving averages, fHR traces were created and comparedwith
annotations where R-peaks are determined by experts. The
graphical representation is based on FIGO classification [38].
The interval of physiological fHR values is marked in white
and indicates values in the range from 110 to 150 bpm. The
area marked in yellow is an area with an increased risk of
hypoxia, i.e. the fHR ranges from 90 to 110 bpm and from
150 to 180 bpm. Pink indicates an area with a high risk
of hypoxia, i.e. the fHR values below 80 bpm and above
180 bpm [15]. Figure 14 illustrates the fHR traces obtained
by the ICA-RLS-EMD method, according to which it can
be stated that the method works correctly for r01, r02, r03,
r05, r06, r08, r09, and r10 recordings because the method
curves follow the annotation trend. For recordings r04, r07,
r11, and r12, the deviation of the fHR trace, determined using
the estimated fECG signal, from the reference fHR trace can
be seen, which means that the method was not very effective
for these recordings.
D. RESULTS COMPARISON
Finally, this subsection provides the comparison of the results
obtained in this study with the extraction methods proposed
by other authors. It is important to note that such comparison
is difficult since the dataset and the evaluation methods used
vary among the articles on fECG extraction. For example,
the authors in [7], [19] used a different database to test
the methods or did not provide a database name, and thus
comparison of the results is not possible. In addition, some
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FIGURE 13. Representation of the ability to detect fQRS complexes based on the Bland-Altman plot using
the ICA-RLS-EMD method, a) for r08 recording and b) for r09 recording.
FIGURE 14. Depiction of fHR traces for all recordings and their annotations from the ADFECGDB database, extracted
using the ICA-RLS-EMD method.
studies [11], [25] use other statistical parameters to evalu-
ate methods. The authors in [11] tested the methods on the
same dataset but used correlation coefficients (R) to assess
the similarity of the scalp fECG signal with the estimated
one. Moreover, some studies, such as [23], [29] provide no
statistical evaluation and present only the examples of the
extracted fECG signals.
Finally, authors in [13], [22] used the same database and
the same evaluation parameters to test their methods. In [22],
the authors combined the EMD-based algorithms (EMD,
EEMD, and CEEMD)with the correlation andmatch filtering
and tested this extraction system on 4 ADFECGDB records,
which were not further specified. In addition, the methods
were probably only tested on limited samples of the signals,
as the authors report 100% accuracy of the method but at the
same time there were only about 20 TP values detected for
all of the signals (compared to 600–700 TP values accord-
ing to the annotations). Such a comparison is thus not very
relevant.
In [13], a method based on wavelet transform was used for
signal denoising and a clustering-based technique for fQRS
complex detection. The authors performed experiments on
r01, r04, r07, r08, and r10 records only. Compared to the study
presented in [13], the ICA-RLS-EMD method presented
herein achieved better results for r01 and r08 recordings,
while for r04, r07, and r10 it was outperformed. However,
this comparison contained only a fraction of the dataset and
thus such comparison is not very informative.
In our previous study [15], we introduced two dif-
ferent hybrid extraction systems (ICA-ANFIS-WT and
ICA-RLS-WT). The same databases (ADFECGDB and Phy-
sionet Challenge 2013) and evaluation parameters (ACC,
Se, PPV, and F1) were used to assess the extraction sys-
tem performance. The results showed that the ICA-RLS-WT
method outperforms the ICA-ANFIS-WT system. Although
the performance of those methods was high for the fHR
monitoring, these methods are not suitable for further mor-
phological analysis. This is due to WT method, which was
used for smoothing of the estimated fECG signal causing
deformation of the fECG morphology. Thus, this approach
could not be utilized in e.g. non-invasive ST analysis. This
drawback can be overcome by replacing the WT by EMD
method. The ICA-RLS-EMD system reached comparable
results with ICA-RLS-WT system in terms of fHR monitor-
ing, while keeping the morphology of the fECG waveform
unaffected.
V. DISCUSSION
The results presented in the previous chapters show that
a hybrid system combining EMD with other methods is
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FIGURE 15. Examples of signals extracted by all the hybrid systems tested for r08 recording.
capable of determining fHRwith high accuracy. Each of these
methods has its advantages and limitations, as shown by the
extraction examples in Fig. 15. The ICA-EMD combination
has a limited ability to suppress the maternal component,
which cannot be reliably removed even by the subsequent
application of the wavelet transform (see the example of
ICA-EMD-WT extraction). This leads to an increase in false
positive peaks occurrence and, thus, to a decrease in fil-
tration quality expressed by ACC or F1. In contrast, when
EMD is combined with WT, the maternal component is more
effectively eliminated, but the fetal component is also sig-
nificantly suppressed (see the example of EMD-WT extrac-
tion). This leads, on the contrary, to an increased number of
false negative peak detection and, thus, also to a decrease in
extraction accuracy expressed by the objective parameters of
ACC or F1.
The best results were achieved by a hybrid system con-
taining adaptive filtering using the RLS algorithm. It is
important to note that the RLS algorithm cannot be used
alone if only abdominal leads are available. For this reason,
it is advantageous to use it in combination with ICA that
is capable of providing both reference and primary input
to the adaptive system. As such, the combination is able to
provide an extracted fECG signal in high quality (see the
example of ICA-RLS extraction). The subsequent application
of the EMD method causes almost complete elimination of
the maternal component, thus increasing the overall effi-
ciency of the system (see the example of ICA-RLS-EMD
extraction).
The aforementioned demonstrates a comparison of fHR
traces obtained by the ICA-RLS-EMD method with the fHR
trace obtained by means of references for r01 recording, see
Fig. 16. Reference was obtained using fetal scalp electrode
(invasive fECG monitoring). Performance comparison was
done according to reference annotations containing mark-
ers that accurately indicate the location of R-peaks. These
R-peaks were determined by an on-line analysis using the
KOMPOREL system and, subsequently, the placement of the
markers was verified by a group of cardiologists. To illustrate
the extraction efficiency using a specific system, we also
present examples of extracted, abdominal and reference sig-
nals for selected fHR traces. These samples correspond to
sections of fHR trace where successful filtering was achieved
(the estimated fHR trace coincides with the reference one)
as well as to sections where the filtering was not successful
(the fHR traces differ from each other). Minor deviations of
the estimated fHR trace occurred only at places where the
maternal component had significantly higher voltage level
than the fetal component (examples d), e) and f)). However,
these slight deviations are not significant enough to affect the
final diagnosis.
Figure 17 shows a comparison of fHR traces obtained
by the ICA-RLS-EMD method and the annotation for
r12 recording. Again, we also present examples of extracted,
abdominal and reference signals for the selected parts of the
fHR trace. The three examples a), b) and c) of extracted,
abdominal and reference signals correspond to sections of
fHR trace where successful filtering was achieved. These are
parts of the abdominal signal where the maternal component
is dominant, but the fetal component is of sufficient voltage
level. The remaining examples d), e), and f) then show sec-
tions where the estimated fHR curve deviates significantly
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FIGURE 16. Depiction of fHR traces obtained using the ICA-RLS-EMD method and the annotation for r01 recording. Plots a), b) and
c) show sections where the method worked correctly and plots d), e) and f) show sections where the method curve deviated
slightly from the annotation curve.
from the reference curve. These parts of the abdominal signal
also contain the dominant maternal component and the fetal
component is at a very low level, but, moreover, there is noise
in the signal that caused a reducing of the fECG extraction
quality. The results of such extraction may lead to a false
positive diagnosis of fetal hypoxia.
Based on the quantitative and qualitative results presented
above, the ICA-RLS-EMDmethod is themost suitable hybrid
method from the methods tested. As for the ADFECGDB
database, it worked in 9 out of 12 recordings, reaching an
average value of ACC > 84%, Se > 87%, PPV > 92%,
F1 > 90%. As for the ICA-EMD and ICA-EMD-WT meth-
ods, ACC > 80% in 5 out of 12 recordings and, as for the
EMD-WTmethod, ACC> 80% in only 2 out of 12 recordings
when tested on the ADFECGDB database.
The ICA-RLS-EMD method was able to minimize the
residues of the mECG component without significantly
distorting the shape of the fQRS complexes. As for the
WT methods, fQRS complexes were deformed by wavelets
application, which is not an obstacle for determining the fHR,
which is the primary goal of this study. Nevertheless, it should
be noted that, in more advanced studies, this deformation
would hinder the analysis of the ST segment morphology and
the QT interval length.
One of the challenges that the future research should focus
on is the optimal setup of the individual algorithms, especially
the RLS algorithm, with an emphasis on preserving the mor-
phology in terms of the ST segment analysis or the QT inter-
val analysis. This could be enable introducing a non-invasive
variant of the clinically used STAN (i.e. NI-STAN) diagnostic
method. In combination with the classical fHR monitoring,
this method would be able to increase the accuracy of the
early diagnosis of fetal hypoxia, thereby reducing the number
of unnecessary caesarean sections [39]. Furthermore, it will
be necessary to test the systems on other databases, but,
unfortunately, there is an acute shortage of them at present.
Therefore, it is necessary to create a comprehensive database
that complies with the standards regarding, for example, uni-
form sampling frequency, sufficient length and number of
records and contains variations in the fetal position or the
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FIGURE 17. Depiction of fHR traces obtained using the ICA-RLS-EMD method and the annotation for r12 recording. Plots a), b) and
c) show sections where the method worked correctly and plots d), e) and f) show sections where the method curve deviated
significantly from the annotation curve.
pregnancy stage. This is also related to the need to unify
the electrode deployment of the multi-channel system, which
varies among different studies and commercial devices [40].
This would be of great importance for the antenatal monitor-
ing where this system could help to detect various cardiovas-
cular defects based on the changes in the morphology of the
fECG waveform.
VI. CONCLUSION
This study examined the effectiveness of hybrid methods uti-
lizing EMD, namely ICA-EMD, ICA-EMD-WT, EMD-WT,
and ICA-RLS-EMD extraction systems. The tests conducted
on two databases (ADFECGDB and PhysioNet Challenge
2013) have shown that combining two or more methods
increases the efficiency of a specific extraction system. The
evaluation of the hybrid systems was based on their ability to
provide accurate information about the fetal heart rate. The
statistical evaluation was based on evaluation by objective
parameters, i.e. ACC, Se, PPV, and F1. The best results were
achieved by the ICA-RLS-EMD method, with ACC > 80%
in 9 out of 12 recordings and average values of ACC >
84%, Se > 87%, PPV > 92%, F1 > 90%. When tested on
the Physionet Challenge 2013 database, ACC > 80% was
achieved at 12 out of 25 recordings with an average value of
ACC> 64%, Se> 69%, PPV> 79%, F1> 72%. In the future
research, this study will be extended with an analysis of the
ST segment and the QT interval in the extracted signals. This
can enable a non-invasive variant of the currently available
morphological analysis of the fECG signal acquired by the
invasive scalp electrode.
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